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FatigueProblem: The severity of motorway accidents that occurred on the hard shoulder (HS) is higher than for themain
carriageway (MC). This paper compares and contrasts themost important factors affecting the severity of HS and
MC accidents onmotorways in England.Method:Using police reported accident data, the accidents that occurred
onmotorways in England are grouped into two categories (i.e., HS andMC) according to the location. A general-
ized ordered logistic regression model is then applied to identify the factors affecting the severity of HS and MC
accidents on motorways. The factors examined include accident and vehicle characteristics, trafﬁc and environ-
ment conditions, as well as other behavioral factors. Results: Results suggest that the factors positively affecting
the severity include: number of vehicles involved in the accident, peak-hour trafﬁc time, and low visibility. Dif-
ferences between HS and MC accidents are identiﬁed, with the most important being the involvement of heavy
goods vehicles (HGVs) and driver fatigue, which are found to bemore crucial in increasing the severity of HS ac-
cidents. Practical applications:Measures to increase awareness of HGV drivers regarding the risk of fatigue when
driving on motorways, and especially the nearside lane, should be taken by the stakeholders.
© 2015 The Authors. National Safety Council and Elsevier Ltd. This is an open access article under the CC BY
license (http://creativecommons.org/licenses/by/4.0/).1. Introduction
The hard-shoulder of amotorway – also called shoulder or emergen-
cy lane – can only be used either by the public for emergency reasons or
by public agencies and private companies that are responsible for the
maintenance and operation of the road. In many past campaigns
aimed at both the public and the operatives, it has been highlighted
that the hard-shoulder is a hazardous place either to stop or drive
(SURVIVE Group, 2006); however, this has not been investigated
through rigorous research. Signiﬁcant research has been conducted in
the area of road safety, and especiallymotorways.Many studies have fo-
cused on the severity of motorway accidents since historical data sug-
gest it is higher than occurs generally on the rest of the road network
(SURVIVE Group, 2006).
In Great Britain, the severity of accidents has three categories: slight,
serious and fatal injury. Motorway accidents can be divided into two
groups according to the location where the initial impact happened:
hard-shoulder (HS) and main carriageway (MC). When comparing the
accident severity of these two groups in Great Britain, it can bempound, Spen Common Lane,
764.
i@gmail.com (P. Michalaki),
o.ac.uk (D. Pitﬁeld),
nd Elsevier Ltd. This is an open accesconcluded that the severity of HS accidents is signiﬁcantly higher.
More speciﬁcally, the percentage of accidents on the HS is almost ﬁve
times than on the MC and the proportion of serious injury accidents is
also noticeably higher on the HS. However in the past, no signiﬁcant re-
search has been conducted on the factors affecting the severity of hard-
shoulder accidents.
The aim of this study is to investigate the main factors affecting the
severity of accidents in these two distinct parts of the motorway and
to identify any differences between them. In this context, focus is
drawn on a number of factors that are commonly reported as important
in road accidents. These are driver fatigue, accidents involving heavy
goods vehicles (HGVs), and driver errors.
The rest of the paper is organized as follows: the next section pro-
vides a discussion on the factors that are commonly reported as impor-
tant in road accidents, followed by the statistical methods used in this
study. Then the estimation results along with a discussion on the ﬁnd-
ings are presented. The conclusions at the end are followed by some rel-
evant practical applications of the work.2. Factors affecting road accidents
Identifying causes of accidents and possible factors that increase the
accident risk for the driver improves the development of countermea-
sures related to trafﬁc safety (Häkkänen & Summala, 2000). The factorss article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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categories: engineering (road/vehicle/environment related) and human.
Engineering factors refer to road infrastructure characteristics, trafﬁc
conditions, and ambient conditions. The relationship between road trafﬁc
accidents and geometric design variables, such as curvature, vertical
grade, lane width, and hard-shoulder width has been empirically inves-
tigated through statistical models in several studies (Haynes, Jones,
Kennedy, Harvey & Jewell, 2007; Kononov, Bailey & Allery, 2008).
Regarding trafﬁc conditions, speed appears to be important for both se-
verity and frequency of accidents and is included in several alternative
forms, for instance average speed, speed limit, and speed variation
(Elvik, Christensen & Amundsen, 2004; Aarts & van Schagen, 2006).
Trafﬁc is also expressed using a range of variables, such as trafﬁc ﬂow,
trafﬁc density, and congestion (Golob & Recker, 2003; Wang, Quddus
& Ison, 2009). Inclement prevailing weather conditions appear to be
quite signiﬁcant for road accidents in various aspects, namely precipita-
tion, wind, and fog. Road vehicles in strong winds can experience a va-
riety of problems depending upon the vehicle type, shape and the wind
dynamic (Edwards, 1994), while rainfall is suggested to affect drivers in
different ways across different geographic areas and times of the day
(Brijs, Karlis, & Wets, 2008).
Human factors also play a very important role in road accidents. In
general, different groups of drivers have a different risk of being
involved in an accident. HGV drivers have proven to be in the high
risk group (Charbotel, Chiron, Martin, & Bergeret, 2002). In the United
Kingdom (UK), fatal road accidents per 100 million vehicle kilometers
involving HGVs are almost double of those involving cars
(Department of Environment, Transport and the Regions, 1998). Identi-
fyingdrivers at risk could facilitatemore effective trafﬁc safetywork and
allow measures to be tailored toward a speciﬁc driver group.
Driver fatigue appears to be one of themost often reported factors in
road accidents. According to Karrer and Roetting (2007) falling asleep at
the wheel is one of the leading causes of fatal accidents and injuries, ac-
counting for up to 15–20% of all trafﬁc accidents in developed countries.
However, it is often overlooked in police reports, as some drivers are de-
ceased in the accidents, while surviving onesmay be unwilling to admit
that theymay have been asleep (Corﬁtsen 1999). HGV drivers are a sen-
sitive group fatigue-wise. Several previous studies have reported that
they face fatigue-related problems while driving (Häkkänen &
Summala, 2000; Zhang&Chan, 2014) and the drivers themselves recog-
nize it (Häkkänen & Summala, 2001).
Nordbakke and Sagberg's study (2007) showed that most drivers
experience various symptoms of sleepiness while driving, such as difﬁ-
culty keeping their eyes open before they fall asleep. However, these
symptoms are not taken seriously enough; thismay be due to an under-
estimation of the relation between the various physiological and behav-
ioral signals. Even though drivers often ﬁght the symptoms of
sleepiness, even before the trip, they sometimes overestimate their
own capability. In spite of the drivers' knowledge of the risk, most
drivers continue to drive even when recognizing sleepiness in them-
selves. The justiﬁcation for this is most commonly related to the dis-
tance to be driven — total or remaining (Nordbakke & Sagberg, 2007).
Horne and Reyner have contributed to the establishment of permanent
awareness signs on the British motorways stating that ‘Tiredness Can
Kill’ and encouraging drivers to take a break (Horne & Reyner, 2001).
Several studies have also been conducted to correlate the accidents
(both frequency and severity) with their causes or contributory factors.
However, there is no previous signiﬁcant research referring to accidents
that happen speciﬁcally on the HS. These incidents have not been thor-
oughly examined to determine their speciﬁc primary causes or their con-
tributory factors and how these have an effect on the level of severity.
3. Statistical models
Accident severity is, usually, deﬁned as a categorical variable; the
values of which vary according to themethod being ofﬁcially suggestedby the authority designing and collecting accident data. These values
represent the ‘level of severity’ in an ordinal scale (e.g., no injury, slight
injury, serious injury, fatality). In GB, accident severity is recorded as
slight, serious, and fatal. For this study, discrete choice modeling, in
which a decision maker chooses an alternative from a set of exhaustive
and mutually exclusive alternatives (Train, 2009), can be chosen in
order to explore the most important factors affecting the severity of ac-
cidents on British motorways. In the case of road accident severity
models, researchers are trying to explore the factors that can be related
to road characteristics, the users, the vehicles, or the conditions on the
road at the time of the accident.
When the dependent variable (accident severity) is discrete and
contains more than two categories, the multinomial logistic regression
(logit) model is a well-established method to use (e.g., Khorashadi,
Niemeier, Shankar, & Mannering, 2005). The multinomial logit model
combines the independent variables to estimate the probability that a
particular event will occur; in this case the probability of an accident
to be slight, serious, or fatal. When the order of the values is taken
into consideration, thus hierarchy has a natural meaning such as in
this study, the commonly used model is an ordered logistic regression
(Quddus, Wang, & Ison, 2010).
If the data are nested, such as accidents nestedwithin roads and roads
nestedwithin areas (e.g., a census tract), the use ofmultilevel ordered logit
models would be more appropriate. Such models can allow a possible
correlation structure among a set of observations from the same level
(Lord & Mannering, 2010; Dupont, Papadimitriou, Martensen, & Yannis,
2013). Based on the data hierarchy, the ﬁrst decision concerns the choice
of the levels of analysis. Formulated generally, a level is a set of units, or
equivalently a systemof categories, or a classiﬁcation factor in a statistical
design. In order to justify the use of themultilevelmodel, the signiﬁcance
of the Intra-class Correlation Coefﬁcient (ICC) must be tested. In the case
of a two-level model, one ICC can be estimated. It varies from 0 to 1 and
indicates whether the multiple levels are appropriate for the data, as it
shows the similarity of observations within a group.
Intercorrelation among accidents that share some common charac-
teristics has not been widely examined in past studies. Savolainen,
Mannering, Lord, & Quddus' study (2011) involved the inter-
correlation among the accidents that occur in the same geographical
area. The area variable chosen to group correlated motorway accidents
is county (Fig. 1). Counties derive from the geographical and adminis-
trative area division system in GB. For consistency of the area sizes,
only data from England are used.
The multilevel mixed-effects ordered logit model allows for many
levels of nested clusters of random effects. A quantity being random
means that it ﬂuctuates over units in some population, and which par-
ticular unit is being observed depends on chance. In this case, the coef-
ﬁcients of the model are not standard (ﬁxed) for the whole sample.
They follow a distribution and conclusions are drawn about the popula-
tion fromwhich the observed units were taken, rather than about these
particular units themselves. It allows the model to account for unob-
served effects that are difﬁcult to quantify and may affect themodel es-
timation (Ye & Lord, 2014).
In the two-level model, random effects of the accidents clustered in
the English counties can be speciﬁed. The model estimates the possibil-
ity of an accident having a speciﬁc level of severity, given that the acci-
dent has occurred in a certain county — the second level of the model.
For a series of independent clusters, and conditional on a set of ﬁxed ef-
fects xij, a set of cut-points κ that deﬁne the limit values between the dif-
ferent categories, and a set of random effects uj, the probability of the
response yij being in a categorym is:
pij ¼ Pr yij ¼ mǀκ ;uj
 
¼ Pr κm1bxijβ þ ziju j þ εij≤κm
 
¼ 1
1þ exp κmþnij
  1
1þ exp κm1þnij
  ð1Þ
…Accident 1 Accident 2 … …Accident 1 Accident 2 …
England
(Motorways)
County 1 County 2 County j…
Fig. 1.Multilevel model for motorway accidents in England.
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1,…, nj observations (i.e. accidents).
The model, in terms of a latent linear response, where observed or-
dinal responses yij are generated from the latent continuous responses,
is written as:
yij ¼ xijβ þ ziju j þ εij ð2Þ
yij ¼
1 if ∞ ≤ yij b κ1
2 if κ1 ≤ yij b κ2
⋮ ⋮ ⋮ ⋮ ⋮
m if κm1 ≤ yij b κm ¼ ∞
8><
>:
9>=
>;
: ð3Þ
The errors εij are distributed as logistic with mean 0 and variance
π2/3 and are independent of uj. The model is estimated using the adap-
tive Gauss–Hermite quadrature estimation.
When there are no theoretical or other prior guidelines about which
variables should have a random effect, the researcher can be led by the
substantive focus of the investigation, the empirical ﬁndings and the
parsimonious modeling. This implies that those explanatory variables
that are especially important – or have especially strong effects –
could be modeled with random effects if the variances of these effects
are important enough, as evidenced by their signiﬁcance and size.
Nonetheless one should take care that the number of variableswith ran-
dom effects should not be so large that the model becomes unwieldy
(Snijders, 2005; Snijders & Bosker, 1999).
In caseswhere there is no identiﬁed inter-relationship among the ob-
servations, according to ICC, and/or a higher level random intercepts are
statistically insigniﬁcant, a single level ordered logit should be used. How-
ever an important underlying assumption of the ordered logit model is
the parallel regression assumption. Accordingly, the relationship be-
tween each pair of outcome groups (e.g., slight vs. serious and fatal;
slight and serious vs. fatal) is the same. This assumption can be tested
using the Brant test, which provides evidence if it is violated (Brant,
1990). In this case, the results of a simple ordered logit model can lead
to incorrect or misleading results and a different model should be ap-
plied that allows the relaxation of the parallel regression assumption.
Such an alternative is the generalized ordered logit model. This
model's advantage is that it does not impose the parallel regression as-
sumption, which is an important limitation of the ordered logit model.
In this model, the coefﬁcients of the variable vary among the categories
of the variables. If this is not the case for all the variables, the model is
called partially constrained. It has been recommended by Eluru (2013)
for the case of ordinal data and has been adopted in the area of road
safety (Abegaz, Berhane, Worku, Assrat, & Assefa, 2014; Wang,
Quddus & Ison, 2009).
In the partially constrained generalized ordered logit model, only a
subset of variables has a varying coefﬁcient, the ones that violate the
aforementioned assumption. The generalized ordered logit model canbe written as follows (Williams, 2006):
P Yi N jð Þ ¼
exp aj þ Xiβ j
 
1þ exp aj þ Xiβ j
  ; j ¼ 1;2;…;m 1 ð4Þ
wherem is the number of categories of the ordinal dependent variable,
while the partially constrained model as:
P Yi N jð Þ ¼
exp aj þ X1iβ j þ X2iβ2
 
1þ exp aj þ X1iβ j þ X2iβ2
  ; j ¼ 1;2;…;m 1 ð5Þ
In the last model, the ﬁrst subset of variables has a non-constrained
coefﬁcient across the values, and the second subset has the same coefﬁ-
cient across the values of j. For the case of a dependent variable that has
3 values (e.g. 1, 2, 3), two panels of coefﬁcients are provided as if the
variable is recoded as 1 vs. 2 & 3 and 1& 2 vs. 3. Positive coefﬁcients sug-
gest that higher values on the independent variables make higher
values of the dependent variable more likely. The parameters are esti-
mated using the maximum likelihood estimation technique.
4. Accident data description
In GB all road accidents involving fatalities or personal injury, in
which one or more vehicles are involved, are notiﬁed within 30 days
of occurrence to the police, who attend the scene and collect the data re-
quired. Details recorded are organized in three datasets which include
complete information on the accident itself, the casualties (any persons
injured or killed) and every vehicle involved or contributing to the acci-
dent. The subsequent collated output reports, entitled STATS19, have
been available since 1985.
For this study, the three sub-sets are merged, using the accident and
vehicle reference numbers provided. The unit of analysis is the accident.
After merging, if there is more than one record per accident (for in-
stance, where there is more than one vehicle involved), the duplicates
are removed. Motorway accidents are then extracted from the whole
database and divided into two groups: (1) accidents that occurred on
the MC and (2) accidents that occurred on the HS (i.e. entering, leaving
or parked on the HS). From 1985 to 2011, there were a total of 199,388
accidents (inwhich 2.3%were fatal, 13.0% serious injury and 84.7% slight
injury accidents) on GB motorways.
The distinction between the HS andMC accidents is based on the lo-
cation where the accident happened. As described in STATS20 – the
document for the speciﬁcation of the variables included in STATS19 –
an accident should be located where the ﬁrst impact occurred. For ex-
ample, an accident where two vehicles on the MC collide and one
ends up on the HS is not labelled as a HS accident.
The dependent variable of the models is ‘severity of accident,’ a
discrete variable that can obtain three values: slight injury, serious injury
and fatality. Fatal injury includes the cases where death occurs in less
than 30 days as a result of the accident. Serious injuries are those
Table 1
Frequency and relative frequency of main carriageway and hard-shoulder accidents in
terms of severity (2005–2011).
Severity Frequency of MC accidents % relative Fr. Cumulative Fr.
Slight (=1) 41,576 88.28 88.28
Serious (=2) 4684 9.95 98.23
Fatal (=3) 834 1.77 100.00
Total MC accidents 47,094 100.00
Severity Frequency of HS accidents % relative Fr. Cumulative Fr.
Slight (=1) 556 71.65 71.65
Serious (=2) 155 19.97 91.62
Fatal (=3) 65 8.38 100.00
Total HS accidents 776 100.00
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was required.
For this study, new variables were created to keep more detailed
information regarding the vehicles involved in the accident. These var-
iables refer to whether the accident involved one vehicle or more, at
least oneHGV, at least one left-hand-side drive vehicle orwhether road-
works were present at the time of the accident. For instance, if at least
one HGV was involved in an accident, the variable has the value 1
(thus 0 for the opposite). Also, in order for the models to be estimated,
all categorical variables were transformed into the required number of
dummy variables (day of theweek, month, speed limit, trafﬁc, weather,
surface and light conditions). Trend is also included in the model as a
yearly dummy variable.
In 2005, the police were asked to record additional data, which are
more subjective and related to drivers, vehicle or road characteristics;
these are known as contributory factors. These are factors in a road ac-
cident – in the opinion of the attendant police ofﬁcer – that are the
key actions and failures that led directly to the actual impact. They pos-
tulatewhy the accident occurred and give readers clues as to how itmay
have been prevented. In comparison to the accident, vehicle and casual-
ty record sets, which mainly record objective details, the contributory
factors depend on the skill and experience of the investigating ofﬁcer
to reconstruct the events that led directly to the accident.While instruc-
tions are also provided, factors should be identiﬁed on the basis of evi-
dence rather than guess-work about what may have happened. Up to
six factors are collected for each accident. They are clustered in certain
categories according to STATS20; however, a different grouping was
followed in this study, in order to minimize the number of categories
and to create more cohesive groups. In addition, as special focus is
given to fatigue, a single category only for this is created.
The groups of contributory factors which are studied are related
to:
▪ driver/rider fatigue, which in the initial police records comes
under the impairment category, but is individually examined in
this study;
▪ driver/rider error (e.g., failed to look properly, failed to judge
other person's path or speed, sudden braking, swerved, loss of
control, nervous or uncertain behavior, learner or inexperienced
driver);
▪ driver/rider behavior (aggressive or illegal) (e.g. exceeding speed
limit, travelling too fast for conditions, aggressive/careless/reckless
driving or in a hurry);
▪ driver/rider impairment (e.g., impaired by alcohol/drugs, defective
eyesight, illness);
▪ road conditions (e.g., poor road surface, foreign deposit on the road,
slippery road due toweather, road layout, vision affected by dazzling
headlights/sun/rain);
▪ vehicle (e.g., tyres illegal or defective, defective lights/indicators/
brakes/steering/mirrors, overloaded or poorly loaded vehicle or
trailer);
▪ distraction (e.g., driver usingmobile phone, eating/drinking, distrac-
tion outside the vehicle); and
▪ pedestrians.
Multicollinearity among the contributory factors was checked via
the calculation of pair-wise correlations. Only error and behavior factors
were found to have high correlation in both datasets (0.87 for HS and
0.88 for MC accidents). Thus, these two variables were not included in
the models simultaneously.
The data used for both models are from 2005 to 2011. Table 1 pro-
vides the frequencies and severity of the accidents for the period exam-
ined. It is noted that the severity of HS accidents is signiﬁcantly higher
than the MC, as the relative frequency of HS accidents is almost 5
times higher. The absolute frequency of HS accidents might be quitelow; however, when these accidents occur, it is quite probable they
tend to a serious or fatal injury. The relative frequencies of some charac-
teristics between HS andMC accidents are signiﬁcantly different. For in-
stance, out of all the fatal accidents, the percentage of those that involved
driver's fatigue is double on the HS than that of the corresponding per-
centage for MC accidents (23.08% vs. 11.63%). Other such examples for
fatal accidents are:
▪ HGVs: 80% HS while 44.36% MC
▪ Single-vehicle accidents: 7.69% HS while 39.09% MC
▪ Morning peak trafﬁc: 13.55% HS while 7.69% MC
▪ Pedestrian(s) involved: 15.38% HS while 9.83% MC
▪ Contributory factor ‘road’: 18.46% HS while 8.39% MC.
For other variables, such as the surface condition, the above ratios
are similar for HS and MC accidents; i.e. 70% of the fatal accidents
occurwhen the surface is dry and the remaining 30%when the opposite
is true (e.g., wet, ﬂooded). If all accidents, and not only fatal, are taken
into consideration, the ratios are sometimes substantially different; for
example, the percentage of all accidents that are single-vehicle is
19.07% for HS and 22.49% for MC vs. 7.69% and 39.09% for fatal.
5. Estimation results and discussion
The statistical models are applied to the HS and MC motorway acci-
dents separately and the relationships between the levels of severity of
these accidents are explored with a series of explanatory variables. As
mentioned earlier, the unit of analysis is the accident. The models that
are initially tested are the simple ordered logit model and themultilevel
ordered logit model. Firstly, all the independent variables considered to
be potentially signiﬁcant and to have an effect on accident severity are
included in the model. A random intercept multilevel ordered logit
model was initially estimated and then, as a second step, the randomef-
fects of the independent variables are included in the model one at a
time. After all the variables have been tested independently, models
that include two or more independent variables with possible random
effects are estimated. However, the ICC was found to be low
(i.e., 0.016 for MC accidents and 0.1 for HS accidents) suggesting that
the correlation among the accidents that occur in the same county is
not strong enough to support the use of themultilevelmodel. Therefore,
a single-level model is then considered.
When the Brant test is used, the ordered logit model is also consid-
ered inappropriate for this study, as the parallel regression assumption
is violated. Thus, it is necessary to apply the generalized ordered logit
model, and more speciﬁcally, the partially constrained model. In these
models, as there are three categories in the dependent variable (M =
3), two coefﬁcients (M-1) are estimated for each of the explanatory var-
iables that violated the parallel regression assumption: one coefﬁcient
represents the effect of an explanatory variable on the outcome of slight
relative to serious and fatal; and the other indicates the effect of the
same explanatory variable on the outcome of slight and serious relative
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ed while following the same process as abovewith the explanatory var-
iables. Only the statistically signiﬁcant variables are kept in the ﬁnal
models.
Table 2 presents separately the results for the two partially
constrained generalized ordered logit models for the two groups of ac-
cidents. The variables kept in the model are those whose parameters
are statistically signiﬁcant at the 90% level. An alternative parameteriza-
tion, called Gamma (γ), provides a more parsimonious layout and an-
other way of understanding the parallel regression assumption
(Peterson &Harrell, 1990). In this alternative parameterization, Beta co-
efﬁcients refer to the effect of variables that have the same coefﬁcients
for all possible pairs of outcome categories, while Gamma coefﬁcients
refer to the differential effect of the variables on each pair of outcomes.
The Gammas indicate the extent to which the parallel regression as-
sumption is violated by the variable. Thus, if Gammas are statisticallyTable 2
Gologit2model results for main carriageway and hard-shoulder accident severity.
Explanatory variab
Beta Accident characteristics Number of vehicles
Number of casualti
Single vehicle accid
Vehicle characteristics Heavy goods vehicl
Left-hand-side driv
Seasonality Saturday
Sunday
Reference: Friday
April
July
August
September
Reference: Decemb
Trafﬁc characteristics Trafﬁc peak mornin
Trafﬁc peak afterno
Trafﬁc peak norma
Reference: trafﬁc n
Speed limit 70 mph
Speed limit 60 mph
Speed limit 50 mph
Reference: speed li
Conditions on the motorway Daylight
Dark and lights on
Reference: dark an
Surface dry
Reference: surface
Weather ﬁne
Weather fog
Reference: weather
Roadworks
Contributory factors CF fatigue
CF error
CF impairment
CF distraction
CF pedestrian
CF vehicle
CF other
Reference: CF road
Gamma_2 Number of vehicles
Heavy goods vehicl
Saturday
Trafﬁc peak afterno
Daylight
CF error
CF pedestrian
CF distraction
Alpha Constant 1
Constant 2
Summary statistics Log likelihood
Pseudo R squared
Number of observa
na= non-applicable.different from 0 for an explanatory variable, then the parallel regression
assumption is considered to be violated for this variable. If all Gammas
are equal to 0, the model would reduce to the ordered logit model.
Table 3 presents the marginal effects, which show the probabilities of
having a speciﬁc outcomewith respect to changes in the dependent var-
iables. The variables included in the table are the ones with non-zero
Gammas plus fatigue and two variables with high marginal effects in
comparison to the others: number of casualties and single-vehicle
accidents.
5.1. Accident characteristics
Regarding the accident characteristics in theMCmodel, the variables
referring to the number of vehicles, number of casualties aswell as single-
vehicle accidents are signiﬁcant. In the case of HS accidents, only the
number of casualties appears to be signiﬁcant, while having a higherles Main carriageway Hard-shoulder
Coef. z Coef. z
0.0549 3.55 na na
es 0.2802 23.83 0.3570 6.33
ent 0.9494 22.53 na na
e 0.3353 9.54 0.7565 4.08
e −0.2858 −3.82 na na
0.1275 2.93 0.5301 2.19
0.1649 3.88 na na
0.0969 1.76 na na
na na 0.4712 1.71
0.1811 3.61 na na
na na 0.6980 2.18
er
g −0.2837 −4.76 na na
on −0.4111 −7.34 na na
l −0.3627 −7.23 na na
on peak
0.6365 3.85 na na
0.6962 3.51 na na
0.5601 3.12 na na
mit 40 mph or lower
−0.2825 −5.89 −0.4982 −2.86
−0.2909 −5.80 na na
d no lights
0.1324 3.15 na na
non-dry
0.1509 3.01 na na
0.3199 2.10 na na
other
−0.2917 −3.56 −1.2136 −2.75
0.3891 6.91 0.7928 3.43
0.0736 2.36 na na
0.6468 11.58 na na
0.1756 2.49 0.6727 2.26
1.4370 13.09 2.0541 5.14
0.1372 1.91 na na
0.2538 3.81 na na
0.0545 3.07 na na
e 0.4001 5.80 0.6750 2.10
0.1986 2.30 na na
on −0.2098 −2.06 na na
−0.3800 −5.57 na na
−0.1901 −2.83 na na
1.0940 9.80 na na
0.2790 2.09 na na
−3.5187 −19.80 −2.0502 −9.37
−5.6330 −29.22 −4.2689 −11.87
−17,984.448 −522.214
0.0708 0.1241
tions 47,094 776
Table 3
Marginal effects.
Marginal Effects Explanatory variable Main carriageway Hard-shoulder
Coef. z Coef. z
Slight injury Number of vehicles −0.0050 −3.55 na na
Number of casualties −0.0256 −23.88 −0.0692 −6.18
Single-vehicle accident −0.1075 −19.00 na na
Heavy goods vehicle −0.0321 −9.17 −0.1447 −4.21
Saturday −0.0121 −2.82 −0.1115 −2.05
Trafﬁc peak afternoon 0.0344 8.02 na na
Daylight 0.0271 5.63 0.0995 2.79
CF fatigue −0.0409 −6.07 −0.1726 −3.16
CF error −0.0067 −2.37 na na
CF pedestrian −0.2196 −9.26 −0.4722 −5.91
CF distraction −0.0171 −2.34 −0.1464 −2.08
Serious injury Number of vehicles 0.0037 2.94 na na
Number of casualties 0.0223 23.51 0.0515 5.71
Single-vehicle accident 0.0926 19.08 na na
Heavy goods vehicle 0.0222 6.90 0.0718 2.31
Saturday 0.0078 1.96 0.0799 2.11
Trafﬁc peak afternoon −0.0282 −7.16 na na
Daylight −0.0181 −4.27 −0.0729 −2.79
CF fatigue 0.0355 6.10 0.1204 3.34
CF error 0.0081 3.07 na na
CF pedestrian 0.1025 5.45 0.2339 8.77
CF distraction 0.0105 1.57 0.1026 2.21
Fatal injury Number of vehicles 0.0013 4.85 na na
Number of casualties 0.0033 18.06 0.0178 4.99
Single-vehicle accident 0.0149 14.75 na na
Heavy goods vehicle 0.0099 8.48 0.0729 4.44
Saturday 0.0043 3.11 0.0316 1.82
Trafﬁc peak afternoon −0.0063 −6.32 na na
Daylight −0.0090 −7.19 −0.0265 −2.54
CF fatigue 0.0054 5.72 0.0522 2.56
CF error −0.0014 −1.60 na na
CF pedestrian 0.1171 7.74 0.2383 2.97
CF distraction 0.0066 2.60 0.0438 1.75
na= non-applicable.
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affecting in an increasingway the severity of accidents if all else are held
constant. In terms of the number of vehicles involved in an accident, for
the case of MCmodel, the variable does not have the same effect across
both pairs of outcome categories, which would not have been found if
the simple ordered logit model was employed. The Beta coefﬁcient for
number of vehicles is 0.0549 denoting the effect of this variable on the
slight versus serious and fatal outcome. The Gamma value for the vari-
able is 0.0545 suggesting that the effect of this variable on the slight
and serious injury versus fatal outcome is 0.1094 (i.e. 0.0549 +
0.0545). The severity of accidents is decided according to the most se-
vere casualty. Thus, accidents that have only slight injuries, regardless
of the number of casualties, are recorded as slight injury accidents. The
results of theMCmodel suggest that the higher the number of casualties,
the higher the possibility of the accident to be serious or fatal, which is
also shown from the marginal effects being positive for these two
outcomes.
5.2. Vehicle characteristics
The next set of variables refers to the characteristics of the vehicles
embroiled in the accident; both variables refer to whether at least
one of the following types of vehicles was involved: HGVs or left-hand-
side drive vehicles.HGVs appear to have a positive coefﬁcient, suggesting
that the severity of accident is increased when there is at least one
HGV involved. HGVs do have the ability to ‘protect’ its own occupants
due to the size and structure of the vehicle; however, for the same rea-
sons it causes a more serious impact to the other vehicles involved (Öz,
Özkan & Lajunen, 2010). It is worthwhile to note that in the case of HS
accidents, this variable has a much greater effect and also has a varying
coefﬁcient for the second threshold. In opposition to HGVs, left-hand-side driving vehicles tend to reduce the level of severity of accidents.
The opposite result could be expected due to added difﬁculty of driving
or inexperience of foreign drivers in the British driving system. Howev-
er, a possible explanation for this result can be that these drivers are
more cautious while driving in a non-familiar environment and from
their driving position have a better visibility of the HS.
5.3. Seasonality
Another set of variables that appears to have a signiﬁcant effect on
the severity of MC accidents is the day of the week when the accident
happened. From the results of the models, it is shown that during
working days, the accidents are less severe than during the weekend.
Different relationships have been suggested for this. For instance,
Quddus et al. (2010) concluded that accidents on the M25 motorway,
London's busy ring road, are more severe on weekdays, while Gray
et al. (2008) had estimated the opposite, which is consistent with this
study.
5.4. Trafﬁc characteristics
Since no detailed trafﬁc data were available, the way of incorporat-
ing this information in themodel was by creating four variables accord-
ing to the hour that the accident happened. These were based on
historical data of peak in the morning, the late afternoon peak, normal
and non-peak (quiet) trafﬁc hours. The model illustrates that if the
hour is non-peak, the severity tends to be higher. This might be related
to speed, which is generally higher during non-peak hours and is fre-
quently related to more severe and fatal accidents (Elvik, Christensen,
& Amundsen, 2004). The reference variable for this set was non-peak
and the rest of the variables appeared to have a negative coefﬁcient. In
addition, ‘trafﬁc peak afternoon’ has a different second coefﬁcient; the
Gamma value is negative suggesting that the probability of having a
fatal accident is even lower. However, the difference between serious/
fatal is lower than slight/serious, as it is suggested by the marginal
effects.
Another trafﬁc related variable is speed limit. When comparing the
higher speed limits with the variable left out of themodel, which repre-
sents a speed limit of 40 mph or lower, it is suggested that higher speed
limits cause an increase of the level of severity of the road accidents. Past
studies have shown contradictory results regarding the relationship be-
tween speed and accident severity, thus more research is required in
this ﬁeld (Wang, Quddus, & Ison, 2013).
5.5. Conditions on the motorway
Regarding lighting conditions, the same conclusions as previous stud-
ies are drawn; it is supported that the presence of light (daylight or
street lighting) has an effect on the accident severity by decreasing it;
thus it is expected to have lower severity accidents when visibility on
the motorway is better.
Two types of road surface conditionswere considered: dry and non-
dry. The latter includes snow, frost, and ﬂood. It is estimated that
when the condition of the surface is dry, it is more probable to have a
more severe accident, which is consistent with other studies (Quddus,
Wang & Ison, 2010). This result is plausible, as under adverse surface
conditions, drivers tend to drive at a lower speed and awareness in gen-
erally increased. Similarly, when weather is ﬁne, accidents tend to be
more severe for the case of MC accidents, as the variable is signiﬁcant
with a positive coefﬁcient. Wind was also tested in the initial models,
but did not appear to be signiﬁcant in any.
‘Roadworks’ is a variable that represents whether they were present
at the time of the accident. This variable is signiﬁcant in both models,
while having a much greater effect in the HS model. It is estimated
that if roadworks are present, the severity of an accident tends to
drop. Again, this can be attributed to the speed restrictions that are
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cautious. It has to be noted that if an accident happens in a closed lane
that is normally running, the accident is still considered a HS accident.5.6. Contributory factors
Even though these data are partially based on the police ofﬁcer's
judgment, they can still provide useful information. Since the contribu-
tory factors are represented by a group of dummy variables, as de-
scribed earlier, one of the dummy variables must be left out of the
model. The variable representing the factors related to the road is
chosen not to be included, as it is the factor that is least related to the
driver. All contributory factors' variables have a statistically signiﬁcant
coefﬁcient and present the same sign. As it can be noticed, the highest
coefﬁcient is the one related to pedestrians involved in the accident. As
this group of people is themost vulnerable, it is expectedwhen a pedes-
trian is involved, for the accident to be more severe. After pedestrians
the next highest coefﬁcients belong to impairment and fatigue, which
play an important role in road accidents by increasing signiﬁcantly
their severity (Evans, 1991).
Driver fatigue is a signiﬁcant factor for both the MC and HS models.
While it is the second most important contributory factor for HS acci-
dents, after ‘pedestrians’, in the HS model, it is a much more important
factor, as the value of the coefﬁcient is substantially higher at 0.79,while
it is 0.39 forMC accidents. Past studies (e.g., HäkkänenH., and Summala,
H., 2001) have shown that very often HGV drivers feel tired while0.40
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Fig. 2. Observed and predicted probabilities for contributory factor ‘fatidriving. This can be the result of long and monotonous journeys or the
inability to stop due to timetable restrictions. It is crucial for HGVdrivers
to be aware of risk arising from fatigue, especially for HS accidents. The
marginal effects are negative for slight injury, both for MC and HS acci-
dents, while they are positive for serious and fatal injuries. They are also
much higher for the case of HS. For instance, the marginal effects of fa-
tigue for fatal injury are 0.0054 and 0.0522 for MC and HS respectively;
thus, if the value of dummy variable ‘fatigue’ changes from 0 to 1, the
possibility of having an accident to be fatal is getting 0.54% higher for
the MC and 5.2% higher for the HS.
Error and behavior related factors appear to have a very high correla-
tion (0.88 forMC and 0.87 for HS), thus it is important to control wheth-
er one for these variables should be removed from the model. After
including each of them individually and both together, it was
concluded that only one should be kept; error is the selected one, as it
is of a high interest and also has a varying coefﬁcient. The high
correlation between the factors above shows that most of the time
they occur in the same accident. Even though contributory factors
data are, up to a point, inevitably subjective; we can recognize that a
driver's irresponsible behavior may lead to driving errors both to the
driver or even other users of the motorway. From the marginal effects,
which are positive only for serious injury accidents, it can be concluded
that when driving errors are involved, the possibility of slight and fatal
injury accidents drop.
Fig. 2 illustrates the observed and predicted values of the probabil-
ities of an accident that occurred to be slight, serious, or fatal, under0.85
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gue’ (HS) and heavy goods vehicle (MC) involved in the accident.
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an HGV was involved or not (for MC accidents). The left set of bars
shows the probabilities if the condition is true and the right if it is not.
6. Conclusions
The motivation of this study was to extend research in the ﬁeld of
hard-shoulder accidents as the severity of these accidents appears to
be signiﬁcantly higher. The aim was to identify any differences between
the factors that contribute to the severity of HS and MC motorway acci-
dents using disaggregated accident data from motorways in England.
Driver fatigue appears to be a much more common contributory factor
forHS accidents, thus itwas considered important to highlight its impact.
Severity of accidents is a discrete ordered variable and several
models were examined in order to identify the most appropriate. The
multilevel ordered logit model could have incorporated a second level
that would represent any correlation among the accidents. In this
study this level was counties, English geographical, and administrative
areas. However, it was estimated that the correlation among themotor-
way accidents in the same county was not strong enough to support the
use of this model. In addition, the ordered logit model was also not suit-
able due to the violation of the parallel regression assumption; thus the
generalized ordered logit model, which allows the relaxation of the as-
sumption, was preferred.
Two models, one for MC and one for HS accidents, were estimated
and the results suggested substantial differences in the statistically sig-
niﬁcant variables. The variable with the highest impact forMC accidents
was speed limit, which increases the severity. In addition,when an acci-
dent is single-vehicle, it is more likely for it to be fatal. Trafﬁc volume
was incorporated indirectly, which was one of the limitations of the
study and it was estimated that during non-peak hours, the severity of
MC accidents tends to increase. Dry surface conditions also have the
same effect. On the contrary, left-hand-side drive vehicles and the pres-
ence of roadworks at the time of the accident, as well as good visibility,
have a positive effect, giving more probabilities for a slight injury. Ac-
cording to the generalized ordered logit model, some of the variables
may not have the same effect on all the categories of severity, which
would not have been detected with the simple ordered logit model.
For theMC accidentmodel, several variables, such asHGV and the num-
ber of vehicles involved have two different coefﬁcients, one for slight in-
jury versus serious and fatal, and one for slight and serious versus fatal
injury. In terms of HS accidents, the number of signiﬁcant variables is
lower. Variables such as HGVs and fatigue are common for bothmodels,
but appear to have a much higher impact in this case. Fatigue also has a
varying coefﬁcient increasing even more the probability of a fatal acci-
dent when involved in a HS accident.
The limitations of this study are mainly related to data integrity. As
mentioned, STATS19 accident data are collected by the police attending
the accident scene and despite thorough training and special instruc-
tions provided, the data might be recorded subjectively; thus the con-
tributory factors may not always be accurate. Furthermore, some
proxies for risk factors (peak time and speed limits for trafﬁc ﬂow and
speed) were used in this study. It would be of interest for future studies
to further examine the effect of the actual trafﬁc characteristics
(e.g., ﬂow and speed) on the HS and MC accident severity.
7. Practical application
Considering that the level of severity of hard-shoulder accidents is
ﬁve times higher than for the MC, the need for extra safety measures
through informative campaigns and training should be considered.
This study concludes that HGV drivers are a high risk group, especially
for hard-shoulder accidents, and also fatigue appears to be a crucial fac-
tor. Therefore, it is important for the public sector or other related orga-
nizations to focus their safety campaigns to this speciﬁc group and
especially raising the drivers' awareness of the hazards arising whenusing the nearside lane of the motorway. Professional drivers can also
be targeted via their employers in order to be provided with additional
training. Lastly, private vehicle drivers can also be informed by cam-
paigns that are focusing on the risks arising from tiredness.Acknowledgments
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